INTRODUCTION
purified with DNA Clean & Concentrator columns (Zymo Research, USA) and quantified using the 1 4 0 NanoDrop (Agilent, USA). Equal quantities of PCR product derived from swab and paper point samples 1 4 1 were pooled together for each patient. For edentulous patients, there were no paper point samples. Each 1 4 2 purified PCR product was sequenced on a Roche 454 Jr. instrument as previously described (32). 1 4 3 DNA sequencing analysis. The obtained sequences were uploaded to the MG-RAST web server (37). 1 4 4
The MG-RAST pipeline assessed the quality of sequences, removed short sequences (multiplication of 1 4 5 standard deviation of length cutoff of 2.0) and removed sequences with ambiguous bp (non-ACGT; 1 4 6 maximum allowed number of ambiguous base pair was set to 5). The pipeline annotated the sequences 1 4 7
and allowed the integration of the data with previous metagenomic and genomic samples. The RDP 1 4 8 database was used as an annotation source, with minimum sequence identity of 97%, maximum e-value 1 4 9 cutoff of 10 -5 , and minimum sequence length of 100 nt. 1microbiome 16S rRNA gene sequence dataset from http://microbiome.osu.edu and matched the unique 1 8 2 probes to the 1,045 microbial sequences (38). We found that 66,716 probes were unique to the 1,021 1 8 3 microorganisms in the core oral database. In other words, the unique probes on our microarray had 1 8 4 97.7% coverage of the sequences in the curated core oral microbiome. 1 8 5
We further refined the "concept of unique probes" by removing 3 nucleotides on either end (5'-and 3'-) 1 8 6 of the probe (in silico) and matching the shorter probes to the 597 16S rRNA bacterial sequences. The 1 8 7
reason for removing these nucleotides was that nucleotides at either end could potentially cross-1 8 8
hybridize to non-specific targets in the microarray experiments (39). In this experiment, probes were 1 8 9 considered unique if the 19 nt core matched one 16S rRNA gene target in the dataset (i.e., 597 oral 1 9 0 bacterial sequences). Using the 19 nt core, we found 36,488 of the original 175,206 probes could be 1 9 1 susceptible to cross-hybridization, which left 138,718 unique probes that were used in all subsequent 1 9 2 analyses to determine gene abundance. Therefore, the entire sequence (25 nt) of the 138,718 unique 1 9 3
probes were used in all subsequent experiments. 1 9 4
Calibration of microarray probes.
All probes were calibrated using a dilution series as outlined in our previous studies (18, 19, 20, 21) . The 1 9 6
Langmuir and Freundlich isotherm equations were fitted to the data and the one with the best fit (R 2 ) 1 9 7 was retained. Examples of two calibrated probes are shown in Figure 1 . Briefly, the fitting algorithm 1 9 8 transforms the data to obtain a straight line; two parameters, a and b, are calculated. Depending on the 1 9 9
type of the curve corresponding to the best fit, parameters a and b are utilized according to the formula 2 0 0 of the curve. The parameters of the retained equations and fits are shown in Figure 1 . Apparently, the 2 0 1 signal intensities of the dilution data for Probe 62 were best explained by Langmuir and the dilution data where y is the signal intensity, and x is the dilution. 2 0 7 2 0 8 peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission.
The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/070367 doi: bioRxiv preprint first posted online Aug. 19, 2016 The histograms and whisker plots of the Treponema denticola 16S rRNA gene show the distribution of 2 6 5 abundances in the 16 patients using 94 unique probes ( Figure 3 ). The average abundances of patients 2 6 6 with health, edentulism, periodontitis, and caries were: 2.5 ± 0.6 a.u., 5.3 ± 2.0 a.u., 4.4 ± 1.6 a.u., and 2 6 7 3.8 ± 3.3 a.u., respectively. A two-tailed t-test revealed a difference in average abundances for the 4 2 6 8 patients with health and 4 patients with edentulous but only approached significance (P<=0.06) ( Table  2  6  9 2). None of the other paired conditions (i.e., caries versus edentulism, caries versus periodontitis, caries 2 7 0 versus health, edentulism versus periodontitis, or health versus periodontitis) for this gene yielded 2 7 1 differences from one another. 2 7 2 2 7 3 peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission. Microbial abundance signatures. To identify microbial abundance signatures (i.e., 16S rRNA genes) 2 7 7
that are unique to a particular condition, we compared the 576 rRNA sequences by condition (Caries, 2 7 8
Edentulism, Periodontitis and Health) using two-tailed T-tests with unequal variance at alpha=0.05. No 2 7 9 significant differences were found for the Caries versus Edentulism, Caries versus Health, Caries versus 2 8 0 peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission.
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The PMT settings affected the number of total genes (n=597) that could be calibrated. Specifically, 564, 3 0 4 567, and 572 genes were calibrated for the PMT settings of 500, 600 and 700, respectively. The 3 0 5 abundances for these genes in the 16 patient samples were assembled into a dataset by PMT (Table S3 ). 3 0 6
As before, gene abundances that were greater than 10 a.u. were set to 10 a.u. because we did not expect 3 0 7 calibration to forecast accurately beyond the dilution series used to create it. The average gene 3 0 8 abundance for the 500, 600, and 700 datasets was 2.9 ± 1.8, 3.4 ± 1.9, and 4.0 ± 2.1 arbitrary units (a.u.), 3 0 9 respectively. The lowest and highest gene abundances for all datasets was 0.03 and 10.0 a.u., 3 1 0 respectively. Therefore, gene abundances could vary by as much as 300-fold and the averaged gene 3 1 1 abundances were affected by PMT settings, with higher abundances at higher PMT settings. Based on 3 1 2 these results, all subsequent analyses of the aggregated calibrated probes were performed using the 600 3 1 3 PMT setting data.
Microbial abundance signatures. Microbial abundance signatures (i.e., 16S rRNA genes) were 3 1 5 determined by comparing the 567 rRNA sequences by condition (Caries, Edentulism, Periodontitis and 3 1 6
Health) using two-tailed T-tests with unequal variance at alpha=0.05. Although significant differences 3 1 7
were not found for the peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission.
The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/070367 doi: bioRxiv preprint first posted online Aug. peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission.
The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/070367 doi: bioRxiv preprint first posted online Aug. 19, 2016; Correlation analysis was used to compare calibration methods. While in theory the abundances should 3 6 0 be similar by calibration method and the correlations close to one, the abundances determined by 3 6 1 aggregated probes were anticipated to be more robust than individual probes when the gene target 3 6 2 abundances approached zero. The reason for this is that the sum of all signal intensities obtained from 3 6 3 multiple probes targeting the same gene will always be greater than the signal intensities of individual 3 6 4 probes. At low gene target abundances, the signal intensities of individually calibrated probes approach 3 6 5 the resolution of the scanner, which means the potential for noise in the signal would be minimized in 3 6 6 the aggregated probe results. 3 6 7
A plot of the relationship between the correlations of the calibration methods against the average target 3 6 8 abundances is shown in Figure 4 . While only 65 out of the possible 567 (~11.5%) microorganisms 3 6 9 (GIs) had correlations of less than 0.95, most microorganisms (n=502) (i.e., GIs) had similar abundances 3 7 0 (~88.5% had correlation >=0.95). Figure 4 shows that when the average abundance was less than 2 a.u., 3 7 1 the correlations were less than 0.95 (Figure 4 ). The significance of this finding is that it provides 3 7 2 support that the aggregate probe calibration is more precise than the individual probe calibration. 3 7 3
peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission.
The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/070367 doi: bioRxiv preprint first posted online Aug. 19, 2016;  In theory, one would expect the same microorganisms to be identified by both approaches (Gene Met
and DNA sequencing) since the source of DNA was the same PCR amplification products from the 3 7 8
same 16 patient samples. For the Gene Meter approach, we detected 576 microbial targets (564 non-redundant targets) (Figure
Thirty-five of the 564 non-redundant targets could not be taxonomically resolved: 13 were classified For the DNA sequencing approach, we detected 654 targets (583 non-redundant targets) ( Figure 5 ).
8 5
Nine of the 583 non-redundant targets yielded ambiguous taxonomy (e.g., "anaerobic bacterium", Agrobacterium, Bartonella, Bdellovibrio, Bulleidia, Candida, Cardiobacterium, Caryophanon, 4 3 5 Catonella, Centipeda, Chlamydia, Deinococcus, Delftia, Dermabacter, Desulfobulbus, 4 3 6 Desulfomicrobium, Eggerthella, Enterobacter, Erythromicrobium, Ewingella, Flavobacterium, 4 3 7 Flexistipes, Helicobacter, Holophaga, Janthinobacterium, Johnsonella, Klebsiella, Lautropia, 4 3 8 Leptothrix, Leuconostoc, Methanobrevibacter, Mogibacterium, Ochrobactrum, Olsenella, Oribaculum 4 3 9 Pedobacter, Porphyromonas-like, Proteus, Simonsiella, Solobacterium, Sphingomonas, Stomatococcu The significance of this result is that many microbial species --not taxonomically identified in DNA The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/070367 doi: bioRxiv preprint first posted online Aug. 19, 2016;  were found in the processed and unprocessed DNA sequencing reads. not detected because the microarray probes did not target their 16S rRNA genes. sequencing reads by diluting pooled patient samples with DNA from salmon sperm. We chose salmo fold. First, it provides proof of the extreme biases of sequencing reads generated using NGS. Secon
the results suggest that it might be possible to obtain precise abundances of 16S rRNA genes using N with the DNA microarray output using the Gene Meter approach. To our knowledge, this is the first 5 2 0 study to provide preliminary evidence that gene abundances might be precisely determined by next-
generation sequencing data. A common perception among researchers is that high-throughput DNA sequencing is the best approach 5 2 7
to characterize microbial communities because other approaches, such as DNA microarrays are noisy. 5 2 8
Indeed, conventional DNA microarrays are noisy (41) because the signal is not calibrated and the output 5 2 9
has to be normalized for sample comparison. The Gene Meter approach solves the noise problem by 5 3 0 calibrating all probes on a microarray before testing biological samples. The calibration identifies 5 3 1 probes with noisy behavior because they will not fit the adsorption models. Noisy probes are not used in 5 3 2 subsequent analyses. The Gene Meter approach also does not require any normalization of the output 5 3 3 because the same amount of DNA is loaded onto every microarray. In other words, the abundances of 5 3 4 different samples can be directly compared without introducing biases associated with other methods 5 3 5 such as DNA sequencing and conventional DNA microarrays. It is for these reasons that we believe that 5 3 6
the Gene Meter approach is superior to existing approaches -particularly when one desires to determine 5 3 7 the abundance of a gene in a pool of genes. 5 3 8 5 3 9
It should be noted that DNA sequencing approaches (such as the one used in our previous study; 32) 5 4 0 have problems too, that limit their ability to determine gene abundance. For example, an extra PCR 5 4 1 amplification step is required in DNA sequencing (e.g., emulsion PCR) and that adds biases to the 5 4 2 interpretation of the output. The Gene Meter approach does not need any extra amplification step -the 5 4 3 labeled DNA is added directly to the microarray. Another problem in DNA sequencing (as shown in 5 4 4 this study) is the post-processing of the reads sometimes filter out 16S rRNA genes that are actually 5 4 5 present in biological samples (specifically, 40 out of 107 genera in this study). The fact that many of the 5 4 6 unique probes of the 40 unidentified genera matched the unprocessed sequencing reads suggest that the 5 4 7 taxonomic assignments in other sequencing studies might have grossly underestimated the actual 5 4 8 diversity of microorganisms in biological samples. 5 4 9 5 5 0
We recognize that quantitative PCR (qPCR) could also have been used to determine the abundance of 5 5 1 16S rRNA genes in our study. However, like DNA sequencing, this approach is subject to PCR 5 5 2 amplification biases and normalization steps. In addition, qPCR can only investigate a limited number 5 5 3 of gene targets at one time (i.e., it is not high throughput), while the Gene Meter approach is high 5 5 4 throughput but limited to the number of probes on microarray surface. 5 5 5 5 5 6
Similar to all approaches, the Gene Meter approach is not without its problems. For instance, seven 5 5 7 genera identified by the Gene Meter approach were not detected in either the processed or unprocessed 5 5 8 DNA sequencing reads. Three of the 7 genera were classified as false positives as they had the potential 5 5 9
to cross-hybridize to the 16S rRNA genes of other species. Although there are several additional 5 6 0 explanations for these phenomena (e.g., insufficient DNA sequencing depth; need for better probe 5 6 1 design), the Gene Meter approach still provides precise target abundances for many genera and is 5 6 2 superior to other approaches because normalization is not required. 5 6 3 5 6 4
A simple solution to prevent normalization biases and improve upon abundance determinations for DNA 5 6 5 sequencing is to calibrate the instrument before analyzing samples. This study was the first to 5 6 6 demonstrate that a DNA sequencing instrument can be calibrated using a dilution series (Figure 7 ). 5 6 7 peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission.
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Calibration by aggregate probes works optimally 5 7 1
In early Gene Meter studies (18, 19) , the dilution series were calibrated using the averaged signal 5 7 2 intensities of all replicated probes specific to a gene target. The averaging of the signal reduced noise by 5 7 3 minimizing the effects of outliers. Since we did not use identically replicated probes in the present 5 7 4 study, we calibrated the DNA microarray two ways using individual probes or aggregated probes. We 5 7 5 sought to determine which of the two calibrations was optimal. 5 7 6
Calibration of the individual probes involved modeling the signal intensities of an individual probe in a 5 7 7 dilution series. The abundance of the gene in a biological sample was determined by back-calculating 5 7 8 the abundances of all probes which target that specific gene using the calibration and then averaging (or 5 7 9
determining the median) the gene abundances. For example, consider three calibrated probes targeting 5 8 0 the same gene. The abundance of a specific gene by calibrated probe A was 1 a.u., probe B was 2 a.u. 5 8 1 and probe C was 3 a.u. Therefore, the final abundance of the gene was the average or median, 2 a.u. 5 8 2
Calibration of the aggregated probes involved summing the signal intensities of all probes in a dilution 5 8 3 series that target a specific gene and determining the model that best fits the experimental data. For 5 8 4 example, if the signal intensities of probes A, B, and C for a specific gene were 300, 500, and 700 5 8 5 relative fluorescence units (RFU) at one dilution, then the signal intensity used to calibrate the gene 5 8 6
would be 1500 RFU. The abundance of a gene in a biological sample was determined by summing the 5 8 7 signal intensities of all probes that target the gene and back-calculating the relative abundance from the 5 8 8 calibration. 5 8 9
What distinguishes the two calibration approaches is that the aggregate probe approach uses the sum of 5 9 0 the signal intensities of all probes as input to the calibration model while the individual probe approach 5 9 1 uses only the signal intensity of an individual probe as input to the calibration model. Also, in the 5 9 2 aggregate probe approach, the abundance is directly determined from the model, while in the individual 5 9 3 probe approach, the final gene abundance is determined by the averaged (or median) abundance of all 5 9 4 probes targeting that gene. 5 9 5
We showed that calibrations of aggregated probes were better than individual probes when the gene 5 9 6 target abundances were low. The reason for this phenomenon is that the low abundance genes are more 5 9 7 affected by signal noise because some readings were close to the level of resolution of the microarray 5 9 8
scanner. The sum of the signal intensities of all probes targeting a specific gene minimizes this problem 5 9 9 because the noise is not averaged. Our results showed that if the gene target abundance was greater than 6 0 0 2 a.u. (Figure 4 ), there were no significant differences in the gene abundances by the calibration 6 0 1 approach. 6 0 2 Interestingly, we found more differences in gene abundances by patient condition using aggregated 6 0 3 probes (Tables 3, 4 and 5) than individual probes (Table 1 and 2). This finding suggests that several 6 0 4 microorganisms do have differences in abundances by condition --but they occur at low abundances (<2 6 0 5 a.u.). In other words, the differences by condition could only be detected using the aggregated probe 6 0 6 approach. Therefore, the aggregated probes was used for examining microbial species differences by 6 0 7 condition (below). 6 0 8
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